The special design of the Long Life Family Study provides a unique opportunity to investigate the genetics of human longevity by analyzing data on exceptional lifespans in families. In this article, we performed two series of genome wide association studies of human longevity which differed with respect to whether missing lifespan data were predicted or not predicted. We showed that the use of predicted lifespan is most beneficial when the follow-up period is relatively short. In addition to detection of strong associations of SNPs in APOE, TOMM40, NECTIN2, and APOC1 genes with longevity, we also detected a strong new association with longevity of rs1927465, located between the CYP26A1 and MYOF genes on chromosome 10. The association was confirmed using data from the Health and Retirement Study. We discuss the biological relevance of the detected SNPs to human longevity.
Human lifespan is a complex phenotypic trait with many genetic and non-genetic factors contributing to its variability. This trait is affected by individual aging processes, histories of exposures to external conditions, ontogenetic changes, and individual genetic factors. Although each group of factors makes their contributions to the biological mechanisms involved in the regulation of human longevity, many recent analyses have focused solely on the genetic influences on this trait. This focus can be justified, in part, by the abundance of genetic information on individuals for whom data on lifespan, health-related events, and other variables are available in longitudinal or cross-sectional databases. The fact that non-genetic exposure-related factors influence human longevity by activating appropriate genetic mechanisms has also stimulated analyses of the genetic factors involved in this process.
To clarify the roles of genes in human longevity using large amounts of genetic data on common single nucleotide polymorphisms (SNPs), genome wide association studies (GWAS) of this trait have been conducted. These studies have detected a number of genetic variants strongly associated with longevity that have been also replicated in independent analyses. At the same time, the measured associations of variants from many other genes whose importance for longevity has been established in experimental or molecular biological studies have not reached the level of genomewide statistical significance. To improve the quality of genetic estimates (ie, increase the likelihood of detecting valid genetic associations), researchers typically increase the sample size, perform meta-analysis of data obtained from several independent studies, use special study designs that increase the per-participant information about genetic influences on longevity, and develop special methods for analyzing incomplete lifespan data.
The most common type of incompleteness in lifespan data is caused by right censoring at the latest observation time in an ongoing longitudinal study. Right censoring also occurs when individuals unexpectedly drop out of an ongoing longitudinal study after participating in the initial wave(s) of the study. As a result of right censoring, it will be known that an individual's attained lifespan is above a certain age but the exact value will be unknown because the individual is still alive or is not being tracked. Typically, some study subjects are alive while others have dropped out at the time of analysis.
Several alternative approaches can be used to perform genetic analyses of incomplete data on lifespan. One approach deals with methods of survival analyses (eg, Cox regression model) that were specifically developed for incomplete survival data; this approach has been studied extensively. An alternative approach is to predict the final attained lifespan for individuals with right censored data and perform genetic analyses using the predicted data together with the available (non-censored) data on attained lifespans for known decedents. The benefits and limitations of this approach for genetic analysis of human longevity are unclear, however; they have yet to be evaluated.
In this article, we use data on white individuals from the Long Life Family Study (LLFS) to evaluate the use of predicted lifespan data in genetic analyses of longevity. The LLFS is a multi-center longitudinal study designed to investigate environmental and genetic factors that contribute to familial clustering of exceptional longevity and to facilitate detection of genetic factors responsible for human longevity by exploiting the fact that longevity is familial. The study participants resided in the United States and Denmark; eligible families had to demonstrate exceptional longevity based on the Family Longevity Selection Score (FLoSS) (1) . The first wave of the LLFS (2006-2009) collected genetic and non-genetic data on two generations of living persons in these families. In the present study, we will use genetic data collected for subjects interviewed in the first wave.
Mortality follow-up after the baseline interview has continued, on average, for about 8 years, and is currently ongoing. The LLFS lifespan data are necessarily incomplete as they are right-censored because the period of follow-up is limited to the current time and death may not yet have occurred. The data are also left-truncated on the age dimension because individuals had different ages at the time of the baseline interview. The age dimension is relevant because the lifespan data we seek are the individual ages at death, or equivalently the maximum attained ages for the study participants. The data collection procedures for recording the complete sets of attained lifespans for both generations of the LLFS participants will take several decades. That is why the use of methods for analyzing incomplete data may provide useful insights about the genetics of human longevity today.
The main aims of this article are to investigate: (a) how to predict censored lifespan data for LLFS participants and to use such predictions; (b) whether the use of predicted data on lifespan in GWAS of human longevity results in more significant estimates of genetic associations compared to analyses of incomplete data without such predictions; (c) which statistical models used in GWAS are most appropriate for such analyses; (d) how the numbers and strengths of detected genetic associations depend on the durations of the followup periods; and (e) what biological mechanisms regulating human longevity are represented by the detected genes.
The lifespan prediction model was restricted to study subjects aged 80 years or above at the first wave of the LLFS. This range was chosen because the observed number of deaths below age 80 was too small to support reliable estimation. The lifespan prediction model was used to predict the final attained lifespans for study subjects who were still alive at the end of the 8-year longitudinal follow-up and were at least 80 years old at that time. A series of case-control GWAS were performed by applying various longevity thresholds to two alternate forms of LLFS longevity data-one employing predicted lifespan data to replace incomplete lifespan data; the other-using incomplete (observed) lifespan data. The strongest genetic associations with longevity were obtained when the case group was defined as those who lived to age 96 years or beyond.
Methods

Data
The LLFS is a family-based study of healthy aging and longevity that recruited 583 families and 4,900 family members selected for exceptional familial longevity (1) . Participants were enrolled during 2006-2009 at three U.S. field centers (Boston, Pittsburgh and New York) and a European field center in Denmark. Potential probands were recruited based on older age, capacity to understand the study, and their Family Longevity Selection Score (FLoSS). The FLoSS score quantifies familial longevity as well as living sibship size using sex and birth-year cohort survival probabilities of each member of the proband generation and their siblings (1). Sibships were eligible for the study if their FLoSS score was greater than 7-a cutpoint corresponding to the top 0.2% of FLoSS sibships in the Framingham Heart Study-and they had at least one living sibling and at least one offspring willing to be enrolled in the study. Sociodemographics, medical history, current medical conditions/medications, physical/ cognitive functioning, and blood samples were collected via in-person visits and phone questionnaires for all subjects at the time of enrollment, as described elsewhere (2) . Participants are continuing to be followed-up annually to track vital and health status. The ages of the oldest participants were validated against external data (3). Genotyping has been performed by the Center for Inherited Disease Research (CIDR) using SNP Chips manufactured by Illumina (Human Omni 2.5 v1 BeadChip array). Written informed consent was obtained from all subjects following protocols approved by the respective field center's IRB. Table 1 shows the numbers of individuals and numbers of deaths, for total and genotyped participants by generation (proband, offspring), country (USA, Denmark, combined), and sex (males, females, total). Other details of study design and protocols are described in (2, 4) .
Data Availability
The LLFS data are available in dbGaP and can be obtained using standard procedure, described at dbGaP website. DbGaP Study Accession: phs000397.v1.p1. The details of genotyping and quality control procedures are described in (5).
Survival Models for Predicting Censored Lifespans
The success of the genetic analyses of predicted lifespan data depends on the quality of the predictions. One would think that demographic life tables for the birth cohorts in the United States and Denmark that correspond to the populations containing the LLFS participants can serve as appropriate predictive models. Indeed, the life table data from the Social Security Administration (SSA) for the United States, and from the Human Mortality Database (HMD) (for Denmark) provide us with robust and reliable estimates of survival probabilities because they are constructed using data on hundreds of thousands or millions of people. The use of such demographic life table models would be completely justified for any population-based study. However, the LLFS participants were recruited using special selection criteria that recruited a cohort that was not populationrepresentative by design (1) . This means that one must test whether the survival rates in the LLFS sample can be described by the corresponding demographic life tables. For this purpose, we estimated survival functions from the incomplete LLFS follow-up data and compared them with those calculated from demographic life tables. Because the LLFS participants in the proband generation were older than those in the offspring generation at the baseline interview, and hence subject to higher mortality rates, the proband generation provided lifespan data in the follow-up period that was more complete than the lifespan data for the offspring generation. Overall, about half of the members of the proband generation died during the 8-year follow-up period. For the other half, the lifespan data were right censored. For the purpose of generating the lifespan prediction model, we focused on data from the proband generation with lifespan ≥80 years.
The choice of appropriate life-span prediction model was based on comparison of survival functions constructed from demographic life tables with those obtained from survival analyses of the LLFS data. To represent the impact of heterogeneity in individual lifespans within each combination of country, cohort, and sex, we introduced the "index of cumulative deficits" (DI) (6,7)-a composite index (also known as the "frailty index" (8)-as an additional individualspecific covariate in the Cox regression model (see Supplementary Materials for details). The DI is an established indicator of aging that summarizes the effects on lifespan of a large number of variables spanning multiple health-related domains. The DI was verified and intensively used in a number of recent studies of human aging, health, and longevity (8) . For the LLFS data, the DI was constructed using 85 variables measured at baseline (9) . To make life-span predictions for individual study participants, we first estimated the best fitting Cox regression model using two covariates-country (United States, Denmark) and birth cohort-stratified by sex with attained age as the time-to-event variable.
We combined the data from the three U.S. field centers because the estimated field-center effects on lifespan were similar. We coded the Danish field center using a separate category because its effects on lifespan were significantly different from the U.S. field centers. Then, using Cox regression models with and without DI, we calculated the mean residual lifespan for each individual in the study sample who was censored according to the data collection protocol, conditional on the attained age at the time of censoring. The mean residual lifespan is the minimum-mean-squared-error (MMSE) estimator of the unobserved yet-to-be attained residual lifespans under the assumption that the respective Cox regression models are correct. The mean residual lifespan estimates were added to the ages at censoring for each censored age at death for use as individual-specific predicted lifespans. In this way, the models with and without DI were used for lifespan prediction for censored individuals. Finally, with both sets of lifespan predictions in hand, we employed corresponding logistic regression models with and without DI to quantify the impact of DI on the survival probabilities for the approximately 8-year follow-up period using Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) techniques.
Quality Control for GWAS (QC)
The QC protocol described in (10) was used with the following settings. QC for study participants: call rate ≥95%; (mean − 3SD) < heterozygosity rate < (mean + 3SD). QC for SNPs: call rate ≥95%, minor allele frequency (MAF) ≥ 1%, (Hardy-Weinberg Equilibrium HWE) p-value ≥1E−10. The number of genotyped study participants before QC: 4,693 (2,112 males, 2,581 females). The number of study participants retained after QC: 4,608 (2,072 males, 2,536 females). The number of autosomal SNPs before QC: 2,225,478. The number of autosomal SNPs after QC: 1,464,314.
GWAS
The generalized linear mixed model association test (GMMAT) logistic regression model (11) was used to conduct the GWAS of human longevity. This model adjusts for relatedness among LLFS family members. The trait "PLS" was defined either as predicted lifespan for individuals with censored ages at death or as observed Denmark  166  125  157  119  95  80  93  78  261  205  250  197  Probands  USA  784  460  711  415  659  455  615  429  1443  915  1326  844  Probands  Combined  950  585  868  534  754  535  708  507  1704  1120  1576  1041  Offspring  Denmark  525  26  513  26  483  44  473  43  1008  70  986  69  Offspring  USA  1308  47  1199  42  1003  57  931  54  2311  104  2130  96  Offspring  Combined  1833  73  1712  68  1486  101  1404  97  3319  174  3116  165  Combined  Denmark  691  151  670  145  578  124  566  121  1269  275  1236  266  Combined  USA  2092  507  1910  457  1662  512  1546  483  3754  1019  3456  940  Combined  Combined  2783  658  2580  602  2240  636  2112  604  5023  1294 lifespan for deceased individuals. Study participants were classified as cases or controls, or excluded from the analysis, as follows. Cases comprised males and females from the proband generation including spouses with PLS ≥ 96 years (N = 877). Controls comprised males and females from the offspring generation including spouses with attained lifespan (for deceased persons) or censored lifespan (for currently living persons) <75 years (2,462 individuals). Altogether 3,339 study participants were included in the case and control groups. To control for possible population stratification, we used genomic control (GC) and method based on calculation of principal components using genetic data (12) . The primary statistical models used in GWAS included country of origin (United States and Denmark) principal components, and sex as covariates in the analyses. We used the country of origin instead of the individual field centers because the analyses showed non-significant differences in the effects of field center on lifespan in the United States but significant difference between the United States and Denmark. In all cases, we calculated the parameter λ for GC and corrected for possible population stratification. The results were compared with those obtained in corresponding GWAS analyses of observed (non-predicted) data and with analyses of lifespan data predicted without using DI as an observed covariate. The GWAS procedures using the GMMAT model that used country of origin and sex as covariates were repeated for different durations of follow-up from the baseline visits in 2006-2009 until 2010, 2011, 2013, and 2015 . Again, we emphasize that these follow-up periods were used solely to resolve the problem of lifespan censoring (for persons currently alive in 2010, 2011, 2013, or 2015) by generating individual-specific predictions of the mean residual lifespans that could be added to the ages at censoring for each censored age at death, yielding the individual-specific predicted lifespans. Once these calculations were done, the GWAS of human longevity using GMMAT logistic regression analyses were performed using the retrospective case-control design.
We carefully investigated the role of thresholds defining the case (longevity) group on the results of genetic analyses of lifespan data. For these purposes, we performed a series of GWAS of human longevity using ages 90, 92, 94, 96, 98, and 100 as longevity defining thresholds for the case group and compared results of these analyses. The lowest p-values for genetic genome-wide significant associations with human longevity were obtained for SNPs on chromosomes 10 and 19 when the case group was defined by setting the longevity threshold to 96 years.
The fact that SNPs and the corresponding genes detected on chromosome 19 are well known genetic determinants of human longevity indicates that the "case" group defined by the 96-year longevity threshold includes individuals whose longevity was strongly affected by genetic factors. The pleiotropic effects and biological functions of the detected genes are discussed in (13) .
Results
Exceptional Survival of LLFS Participants From the Probands' Generation
Using incomplete lifespan data collected during about 8 years of follow up since the baseline, we calculated Kaplan-Meier estimates of survival functions for the LLFS's eldest participants (the probands' generation) and compared them to survival functions in the 1900 and 1920 U.S. birth cohorts using Social Security Administration (SSA) data (Bell and Miller, 2005) . For Denmark, survival functions were calculated using life tables from the HMD. In all cases, survival functions were evaluated for those who survived to age 80. The results are shown in Figure 1 .
This figure demonstrates that the LLFS participants who survived to age 80 and above have much better survival than their peers represented by the cohort life tables (as expected since the families were selected for exceptional survival). The estimates of survival functions starting below age 80 are not reliable because of the lack of data on deceased individuals in the probands' generation below this age. The supplementary materials explain why survival of the LLFS participants is much better than the corresponding birth cohorts in the United States and Denmark (see also Supplementary Figure 1) .
Lifespan Prediction
Lifespan prediction requires high quality methods for evaluating expected residual lifespans. The simplest prediction is based on demographic information about survival of individuals in the population. This prediction can be improved if additional information on factors affecting human lifespan is used. One such factor is an index of DI whose properties in the LLFS have been evaluated by Kulminski et al. (9) . Based on estimated survival functions using the Cox proportional hazard model and values of DI and other covariates (age at baseline, gender, and country), expected residual lifespans were calculated for censored individuals in the LLFS probands' generation. We then added the estimated residual lifespans to the age at censoring to calculate "predicted" lifespans for the censored cases (see Supplementary Material for further detail). The contribution of the DI to the quality of prediction was estimated using receiver operating characteristic (ROC) curve and area under the curve (AUC) One can see from this figure that the AUC increased from 0.807 to 0.834 when DI was included as a covariate-about 14% closer to the maximum AUC value of 1.000, strongly supporting the use of DI in our lifespan models.
The lifespan data predicted using the LLFS survival model, combined with the observed ages at death for decedents during the follow-up period, were used in our genetic analyses of human longevity. For simplicity, the combined data are referred to as "predicted lifespan data" and the combined outcome variable is referred to as "predicted lifespan".
Genetics of Human Longevity From Predicted Data
We performed a series of GWAS of predicted data on males and females combined using the GMMAT logistic regression models with different longevity thresholds and different sets of observed covariates, and compared the results. The most significant genetic associations with human longevity were obtained for the case group defined as study subjects survived to age 96 years and beyond with sex and country (DK, US) used as observed covariates. Figure 2A and B display the QQ-plot and Manhattan plot, for this case, respectively.
One can see from Figure 2B and Table 2 that association with longevity reached genome-wide levels of significance for two genetic variants located on chromosome 19 (rs769449 in APOE, and rs2075650 in TOMM40) and for one variant on chromosome 10 (rs1927465 near MYOF gene). Visualizations of genetic regions for these three SNPs and nearby genes are shown in Supplementary Figure 7 . There were also promising genetic signals with p-values less than or around 10 -5 on chromosome 19 and elsewhere. Table 2 and Supplementary Table 1 provide details about the top SNPs and related genes.
Among the three top significant SNPs associated with longevity, the rs1927465 was a new finding (the associated allele: A; MAF in cases = 0.22; MAF in controls = 0.15; beta = 0.42, SE = 0.07; GMMAT p = 1.09E−08; GLIMMIX p = 5.50E−09).
Comparing Results of GWAS Obtained Using Predicted and Observed Data
To better understand the benefits of conducting GWAS using the predicted lifespan, these results were compared with those obtained in GWAS of observed (non-predicted) longevity, as shown in Figure 3 . One can see from this figure and Table 2 that two variants located on chromosomes 19 (rs769449) and 10 (rs1927465) still reached genome-wide levels of significance.
The comparisons of Figures 2 and 3 indicated that after about 8 years of follow-up from baseline, the use of predicted lifespan data provides slightly lower p-values for the estimated associations of genetic variants with human longevity for most of genetic variants with the highest levels of statistical significance. The comparisons of the annotation files obtained in the GWAS of the predicted and observed data indicated that, despite the slight difference in the p-values, the top 100 genetic variants were essentially the same. These may indicate that the about 8-year follow-up period provided enough information to reliably detect genetic variants associated with longevity in the probands' generation.
We hypothesized that the benefits of using predicted data in genetic studies of human longevity would be more visible in situations with shorter follow-up periods. To test this hypothesis, we performed further GWAS of human longevity using the LLFS data on males and females combined from the probands' generation for different durations of follow-up. Figure 4 displays the QQ-plots resulting from these analyses, calculated for follow-up periods from baseline until 2010, 2011, 2013, and 2015, respectively.
One can see from the QQ-plots on Figure 4 that the benefits of using predicted versus observed data in the GWAS of human longevity are substantial when the durations of follow-up are relatively short. For example, the QQ-plot (top left panels A and B) resulting from the analysis of observed data with durations extending from baseline only until 2010 does not show any visible signals. However, the analyses of predicted data for the same durations (top right panel) exhibit clear genetic signals. When the periods of follow-up were increased, the genetic signals resulting from the analyses of the observed data gradually became more visible and showed a tendency to converge to the results of the analyses of the predicted data (see also Figures 2 and 3) . The analyses showed that these genetic signals correspond to SNPs on chromosomes 10 and 19 (Table 2) .
Replicating newly discovered longevity SNP, rs1927465
To replicate the novel association of rs1927465 with longevity, we performed additional analysis of the Health and Retirement The results of GWAS of human longevity using the LLFS data on age at death for deceased individuals and data on predicted lifespan for censored individuals. The logistic regression model for related individuals in the GMMAT software package (11) with sex and country (DK, US) as observed covariates was used. Cases comprised individuals from the proband generation with lifespans (for deceased study subjects) or predicted lifespans (for study subjects with censored lifespans) ≥96 years (877 individuals). Controls comprised individuals from the offspring generation with age at death (for deceased study subjects) or attained age (for study subjects with censored lifespans) <75 years (2,462 individuals). (14), using rs1927465 as candidate longevity SNP. Altogether we had 3,395 carriers and 9,186 non-carriers of the minor allele of this SNP for males and females combined. In the logistic regression model, the case group included participants who survived to age 90 or beyond (892 individuals). The controls included those who died before age 90, or whose current age did not exceed 70 years (4,300 individuals). The results of this analysis showed that the minor allele A of rs1927465 is positively associated with human longevity (OR = 1.19, p = .038; SE = 0.08; Confidence interval = 1.009-1.394). The age trajectory of the minor allele frequency of the rs1927456 is shown in Supplementary Figure 6 .
Study (HRS) data
Discussion
LLFS is an Outstanding Resource for Studying Exceptional Longevity
Our analysis confirmed that the special design of the LLFS resulted in selection of individuals with exceptional survival. Recent studies also showed that severe mortality-associated diseases are also less prevalent among LLFS participants (2, (15) (16) (17) . This indicates that the LLFS data is a unique resource for analyzing causes of exceptional health and longevity.
Benefits of Lifespan Prediction
The lifespan prediction model used survival probabilities estimated from the mortality experience of LLFS participants to generate individualized predictions of residual lifespan for older participants still alive at the end of follow-up. More specifically, lifespan predictions were made for individuals with censored data whose age at the end of follow-up was 80 years and older. The 8 years of follow-up produced enough data to reliably estimate the survival probabilities used for lifespan prediction at age 80+. Such probabilities could not be reliably estimated below age 80 because of the insufficiency of mortality data for LLFS participants in the offspring generation. This entire problem would not exist for participants in populationbased studies because their survival probabilities, and hence their predicted residual lifespans, could be readily estimated for any age using data from demographic life tables for the selected population.
The results showed that the benefits of lifespan prediction for genetic analyses of human longevity decrease with increasing duration of follow up. In our case, the data on predicted lifespan were most useful for genetic analyses up to 3-4 years of follow-up. This timing depends on the amount of lifespan data accumulated during the follow-up period which in turn depends on the number of individuals at risk in the corresponding age groups. This timing property of predicted data, however, does not lessen the importance of continued follow-up beyond 3-4 years; such follow-up will eventually provide complete lifespan data. Analyses of complete lifespan data will have better power, will yield more accurate estimates of genetic effects, and may lead to discoveries of new associations.
Novel Longevity SNP
This study identified a new SNP (rs1927465) associated with familial longevity (survival ≥ 96 years in probands from long-lived families) with genome-wide significance, and replicated this SNP in the HRS data (p = .038). The rs1927465 SNP is located on chromosome 10 between the MYOF (myoferlin) and CYP26A1 (cytochrome P450 family 26 subfamily A member 1) genes, and is not in LD with SNPs from these genes. It is in closer proximity to MYOF (70 kb 3′ of), which plays a role in membrane repair, focal adhesion, and endocytosis, and has also been associated with cancer invasion (18) (19) (20) . Since rs1927465 is in a noncoding region, we explored its potential regulatory role using the HaploReg v4.1 tool (http://archive.broadinstitute.org/mammals/haploreg/haploreg.php) (see also (21) . The analysis found that rs1927465 is located in a region with marks of an active enhancer in at least 10 tissues, which means that it may potentially influence expression of other genes. This SNP is also in moderate LD (r 2 = 0.45 in the European (EUR) sample) with rs11187345, which sits closer to the MYOF gene (59 kb 3′ of) and is an eQTL influencing the expression of the neighboring CYP26A1 gene, whose product is involved in regulation of retinoic acid, cell differentiation, stem cell renewal, and some cancers (22,23). Note: Top-ranked SNPs (and respective genes) that showed most significant associations with predicted lifespan in GWAS of human longevity using GMMAT. A1 = minor allele; A2 = major allele; Chr = chromosome number; Closest Gene = GENCODE gene name; Gene Region = SNP location in gene, or distance to closest gene; MAF Case = minor allele frequency for case; MAF Contr = minor allele frequency for control; p-val (GC) = p-value after genomic control; Regulatory Region = SNP location in eQTL or Enhancer region of genome; SNP = rs-number.
Strong Replication of Findings from Earlier Studies
We replicated genome-wide significant associations with human longevity of SNPs in the APOE and TOMM40 genes found in earlier GWAS of human longevity that used different data. Specifically, we directly replicated: rs769449 in APOE (14, 24) ; rs2075650 in TOMM40 (25, 26) ; rs71352238 in TOMM40 (27) . Using the HaploReg 4.1 tool (28), we also indirectly replicated SNP rs4420638 previously associated with longevity (29) as the rs56131196 SNP in a region of APOC1, identified in our study, is in high LD (r 2 = 1, D′ = 1) with the "longevity SNP" rs4420638.
The study of the Han Chinese population showed that in addition to rs2075650 (TOMM40) and rs405509 (APOE), the rs12978931, rs519825, and rs395908 SNPs (all three from PVRL2 (NECTIN2)) are associated with longevity (30) . The associations of SNPs from TOMM40, APOE, and APOC1 genes with longevity were also confirmed in other study of Chinese population (26) . The association of the APOE gene with exceptional longevity was also detected by Garatachea et al. (31) . In the LLFS, it was found that the chances of carrying "bad" alleles (APOE ε4 allele, or a G allele in rs2075650) among family members of long lived individuals in the offspring generation were lower than among their spouse controls (32) . Several recent GWAS of long lived individuals identified rs2075650 in TOMM40 as associated with longevity (29, 33, 34) . Since rs2075650 is in LD with rs429358-the APOE ε4 allele-it was proposed that SNPs from TOMM40 may not have independent effects on longevity. The influence of TOMM40 polymorphisms on human longevity was confirmed by Maruszak et al. (35) .
Thus, genes and genetic variants at chromosome 19 detected in our study of human longevity replicated research findings from these earlier studies. The roles of these and other genes associated with human longevity were also discussed in 34,36-43. Other promising associations were found for SNPs in NECTIN2 and APOC1genes, located on chromosome 19 (Tables 2, Supplementary Table 1) .
Functional Properties of the Top Significant Genes
One should stress that two of the top three significant SNPs associated with longevity in our study (rs769449 and rs2075650) as well as other SNPs from the TOMM40/APOE/APOC1/NECTIN2 region are also among the top SNPs that have been most consistently associated with late onset Alzheimer's disease (AD) and cognitive decline in multiple studies (44) (45) (46) (47) (48) (49) (50) , including our recent analysis of the HRS, CHS, FHS, and LOADFS data (13) . Both SNPs have The results of GWAS of human longevity using observed LLFS data on lifespan. The logistic regression model for related individuals in the GMMAT software package (11) with sex and country (DK, US) as observed covariates was used. Cases comprised individuals from the proband generation with lifespans (for deceased subjects) or censored lifespans (for living study subjects, or for those who dropped out from the study) ≥96 years (723 individuals). Controls comprised individuals from the offspring generation whose age at death (for deceased study subjects) or attained age (for study subjects with censored lifespans) <75 years (2,462 individuals).
also been significantly associated with LDL cholesterol levels. The rs769449 SNP in APOE is in strong LD (r 2 = 0.82, D′ = 1) with rs429358 representing the APOE e2/e3/e4 polymorphism, a major genetic risk factor for AD. The rs769449 SNP is in moderate LD (r 2 = 0.6, D′ = 0.8) with rs2075650 in TOMM40, another SNP robustly associated with AD across many datasets, including in our analyses (13) . The rs2075650 SNP is in strong LD (R 2 ≥ 0.92; D ≥ 0.98) with several SNPs in the PVRL2 (NECTIN2) gene which is involved in adherens junctions and host resistance to viral infection. It is also eQTL and may influence expression levels of both TOMM40 (regulating protein precursors' transport into mitochondria) and NECTIN2. It is important to note that these SNPs and corresponding genes are physically connected by chromatin contacts and therefore may be functionally connected. The common functions of the top SNPs associated with longevity indicate that cholesterol transport may potentially play central roles in both cognitive decline and response to infection, and through this in longevity.
We explored the functional effects of the 100+ top-ranked significant SNPs that influenced lifespan with p-value ≤ 10 -4 , and related genes, to get insights into potential biological mechanisms of their effects on longevity. For this, we gathered the information about SNPs, genes, and regulatory genomic regions from multiple established online resources, such as NCBI (PubMed, Entrez Gene, dbSNP, OMIM, and others), 1000Genomes, GO, ENCODE, Roadmap Epigenomics, GTEx consortium, Ensembl, GRASP, HGRI-EBI Catalog of published GWAS, and others. We also used the Haploreg v4.1 online tool (21) for comparative assessment of the prospective regulatory effects of the selected SNPs (eg, SNP location in eQTL and enhancer regions of the genome), as well as a commercial tool for enrichment analysis and pathway exploration (MetaCore, by Thomson Reuters). We conducted the enrichment analysis for genes corresponding to the top 103 SNPs that influenced lifespan with p-value ≤ 10 -4 , using MetaCore. The analysis detected significant enrichment by GO Processes related to lipid transport, lipid synthesis, and lipid metabolism. Overall, about 10% of the detected genes were involved in the respective processes. Examples of relevant genes include APOE, APOC1, APOC4, ABCA2, CPT1A, PLA2G4C, HNF4A, and ERBB4.
We looked more closely at the functions of the 18 most significant SNPs, and the respective genes, that influenced the predicted lifespans (see Supplementary Table 1 ). The genes that were closest to the most significant SNPs are involved in a number of cellular and tissue processes, including lipid transport, cell junctions, and extracellular matrix (ECM) remodeling. They also have common associations with a number of health related traits including AD, cancer, and viral or bacterial infections. Strong LD between SNPs in TOMM40 and NECTIN2 gene, which is involved in resistance to herpes viruses, indicates that the latter may potentially play an important role in the observed associations.
One hypothetical scenario that integrates this information and addresses common functions of the top SNPs associated with longevity in this study (especially rs769449/rs429358 and rs2075650) could be that the aging-related decline in cholesterol transport is accelerated in the presence of certain genetic variants. This may lead to cholesterol and myelin deficiency in the brain and CNS, which could in turn compromise the repair of neurons and reduce their capacity to recover after various damage, including infection. This may promote neural apoptosis and overall decline in brain capacity. Proper cell junctions are important for controlling the blood-brain barrier (BBB) permeability and protecting the brain from infection. The BBB permeability may increase with aging, and so the infection burden in the brain, which together with compromised brain repair (due to cholesterol/myelin deficiency) could lead to accumulating brain damage over age and eventually to limiting longevity.
Most of the top-ranked SNPs belong to regulatory genomic regions such as eQTLs and enhancers. Such SNPs may influence transcription levels and protein concentrations without changes in protein structure. This indicates that longevity can potentially be extended by modulating patterns of gene expression. Note that such genes, whose expression is modulated, do not necessarily have SNPs associated with human longevity or health-related traits.
The large-sample genome-wide association meta-analysis performed by Deelen et al. (51) detected genome wide significant association of rs2149954, on chromosome 5, with longevity. Although rs2149954 is not available in our genetic data, we found four SNPs on chromosome 5 that are in strong LD with it: rs4704775 (r 2 = 0.94, D′ = 1), rs6863179 (r 2 = 0.95, D′ = 1), rs7715501 (r 2 = 0.87, D′ = 0.94), and rs11960210 (r 2 = 0.95, D′ = 1). The genetic analyses of LLFS data on males and females combined showed that all four SNPs are associated with human longevity at the nominal level of statistical significance: rs4704775 (p ≤ .03), rs6863179 (p ≤ .03), rs7715501 (p ≤ .04), and rs11960210 (p ≤ .04). The nominally significant association of this SNP with longevity was also confirmed in recent study (52) 
Using the Index of DIs as a Covariate for Better Lifespan Prediction
In addition to lifespan data, the LLFS collected extensive information on other variables measured at baseline among the study participants. A set of 85 such variables was used to construct the index of DIs, called the DI or Frailty Index (FI) (9) . Numerous studies have shown that FI (DI) is a good predictor of lifespan (8) . The use of the ROC-AUC techniques indicated that the inclusion of this index as a covariate in the predictive survival model improves the prediction of lifespans among censored participants in the LLFS data. Comparisons of the predictive models with and without use of DI are shown in Supplementary Figure 2 . These models were used to predict the missing lifespan data for the primary GWAS analyses in this article.
GMMAT and GLIMMIX (SAS) are two programs that can be used in GWAS of complex traits for related individuals. The advantage of GMMAT is that it is faster than GLIMMIX. To test whether the results are consistent we performed analyses of the same data using each program. Supplementary Figure 3 shows that both programs are appropriate tools for GWAS of human longevity using LLFS data on lifespan. This figure indicates that the p-values for highly significant SNPs obtained using these two computer programmes are about the same. The limitation of GMMAT is that the output includes the p-values but not the estimates of regression coefficients and odds ratios. Supplementary Table 1 provides estimates of these statistical characteristics for selected SNPs, obtained using GLIMMIX.
Auxiliary analyses conducted using two alternative sets of covariates (1): sex, PC1, and PC2; and (2) sex, country of origin, PC1, and PC2 (DK, US) practically did not affect the significance of the SNPs on chromosome 19 ( Supplementary Figures 4 and 5) . Although the p-value of the SNP on chromosome 10 was reduced to about 10 -7 , it remained the most significant SNP other than those detected on chromosome 19. Age trajectories of minor allele frequencies for rs1927465 are shown in Supplementary Figure 6 . The LocusZoom regional visualization of genome-wide association scan results are shown in Supplementary Figure 7 for three genome-wide significant SNPs: rs1927465, rs769449, and rs2075650.
Summary
The survival of the LLFS populations is substantially better than that of the same birth cohorts in the United States and Denmark. This indicates that survival probabilities calculated from the LLFS data, not demographic life tables, should be used for predicting lifespan. This better survival also highlights the high potential of the LLFS data for analyzing causes of exceptional longevity. The analyses showed that the benefits of using the predicted lifespan data in GWAS of human longevity are most visible (Figure 4) for relatively short periods of follow up. The p-values of the genetic estimates obtained in the analyses of predicted and non-predicted data tended to converge as the length of follow-up increased, when more data on observed lifespans are available. The GWAS of the two variations of the predicted lifespan data-using survival models with versus without the cumulative DI-produced similar estimates of genetic associations with human longevity when the estimates were based on 8 years of follow-up data. These findings suggest that improvement of the quality of genetic analyses of incomplete lifespan data will require a corresponding improvement in the accuracy of the lifespan predictions. One improvement would be to add more composite indices (eg, the multi-morbidity index, healthy aging index) into the prediction model. Our analyses also showed that the logistic regression model in GWAS of LLFS data yielded stronger genetic associations with human longevity than the Cox regression model. The replication of the effect of the newly detected rs1927465 SNP located between the CYP26A1 and MYOF genes on chromosome 10 on longevity in the HRS data confirms the relevance of this SNP for human longevity for both sexes. The replication of strong associations of genetic variants from the APOE, TOMM40, NECTIN2, and APOC1 genes on chromosome 19 with human longevity indicates that the statistical model used in our analyses is capable of reliably detecting strong genetic associations with this trait. Additional analyses are needed to evaluate sex-specific genetic effects on human longevity in these data. The common functions of the top SNPs associated with longevity in our study (especially rs769449 and rs2075650) indicate that cholesterol transport may potentially play a central role in cognitive decline and response to infection, and through this in longevity.
